INTRODUCTION
Intensity-modulated radiotherapy (IMRT) enables normal tissue sparing by allowing better conformal dose distribution in head and neck cancer tissue. This technology requires the accurate delineation of several target volumes (TVs) and surrounding organs at risk (OARs). This delineation is typically performed manually by trained experts on computed tomography (CT) or magnetic resonance (MR) images and sometimes complemented with functional imaging techniques such as positron emission tomography (PET). 1, 2 This process may need to be repeated multiple times during radiotherapy treatment to accommodate tumor response and physiological changes in the patient.
In practice, manual contouring is time-consuming and labor intensive, especially for large TVs and irregular OARs. It is also subject to large inter-rater variability, 3, 4 despite universally accepted delineation guidelines. [5] [6] [7] Mean volume variations of up to 50% were reported in parotid delineation across three radiation oncologists on CT images. 8 Further investigations showed that the effects of inter-rater variability in delineating OARs have a significant dosimetric impact. 9 In addition, the range of inter-rater variability has been found to be greater in some cases than errors due to positioning and organ motion. 10 Consequently, the development of accurate and reproducible automatic segmentation method is crucial to allow clinicians to focus on other aspects of patients' treatment.
Recently, automatic atlas-based segmentation methods have shown promising results in segmenting head and neck CT images. 11, 12 Different methods have been developed based on either a single-patient atlas, 13 a population-based average atlas, 14 or multiple atlases. 15 Multiatlas methods have been shown to yield better results than single atlas methods. 7, 15 For the fusion of multiple atlases, the "simultaneous truth and performance level estimation" (STAPLE) algorithm 16 has been used in several studies to generate contours in the head and neck region. 12, 15, 17 Since the introduction of the original STAPLE algorithm, other segmentation methods that build upon it have been proposed to take into account the similarity between the atlases and the image to segment. In particular, Jorge Cardoso et al. 18 developed the "similarity and truth estimation for propagated segmentations" (STEPS) algorithm. In STEPS, atlases are locally ranked based on their similarity with the image to segment using the locally normalized cross-correlation. For a local region to segment, only the top ranked atlases for that region are used during the fusion process. In contrast, all atlases carry the same global weight in STAPLE. STEPS has previously been validated on brain structure segmentation 19, 20 and has been shown to perform better than STAPLE. This is in line with the fact that local fusion strategies outperform global methods. 21 A standard evaluation of accuracy has been the direct comparison of manual and automatic segmentations using overlap measures such as the Dice similarity coefficient (DSC). 22 However, the accuracy of automatic methods as measured this way is limited by the degree of inter-rater variability in manual contouring. In the presence of such variability, even an algorithm that performs as well as an expert cannot be expected to achieve total agreement with manual segmentations. Furthermore, it is possible that an automatic segmentation does not resemble the gold standard but is still acceptable for use in radiotherapy planning. This judgment cannot reliably be made based on overlap measures, and an expert rater decision is required.
Automated methods can reduce physician contouring time by up to 30%-40% as seen in studies of head and neck cancer 7 and also reduce the inherent inter-rater variability in volume delineation. 12 The improvement in time and consistency is valuable only if segmentation accuracy is not undermined. Assessing the accuracy of automatic segmentation is a challenging task and manual editing is usually required to achieve clinically acceptable results. 11, 12 Nevertheless, the workload of manual editing can be significantly shorter than manual contouring. 7 In this study, we compare STAPLE against STEPS in producing accurate segmentations for radiotherapy planning. Both algorithms are used to segment the following OARs in head and neck cancer: the brainstem, the spinal canal, the left and right parotids, the optic chiasm, and the eyes. The accuracy of both algorithms was measured using the DSC. 22 In addition to accuracy, we wanted to measure the clinical acceptability of each automatic method. To account for the variability in overlap measures, manual contours and automatic segmentations produced by STAPLE and STEPS were graded on a three-point scale for clinical acceptability in a blind experiment by three distinct trained physicians. The comparison through blindly obtained grades of manual and automatic segmentations represents a novel approach for their evaluation. Traditional evaluation has been to directly compare manual and automatic segmentations using the DSC. Although a high DSC should guarantee clinical acceptability, a lower DSC does not necessarily mean that an automatic segmentation is not clinically useful. To our knowledge, methods classifying segmentations for clinical acceptability on a point scale by expert raters have not been published before. Time gain by using automatic segmentation was also assessed.
MATERIALS AND METHODS

2.A. Overview
First, 6 OARs were delineated by two radiation oncologists in a dataset of 100 patients with head and neck cancer on CT images. Each patient in the dataset was automatically segmented with both the STAPLE and STEPS algorithms using those manual contours. DSC was then used to measure the accuracy of the automatic segmentations. Second, three separate and distinct trained physicians graded the manual and automatic segmentations generated by both methods into one of the following three grades in a blind experiment: clinically acceptable without modification, fulfilling universal delineation guidelines 23 for radiotherapy planning (grade A), reasonably acceptable for clinical practice upon manual editing (grade B), and not acceptable (grade C). DSC for the STEPS algorithm and for each grade was then calculated.
Finally, STEPS segmentations graded B were selected and given to one of the three physicians who manually edited them to grade A. Editing time was recorded.
2.B. Atlas dataset
The atlas dataset consisted of N = 100 planning CT images of patients with different diagnoses of head and neck cancer. These were cases treated with IMRT at the radiotherapy department for any head and neck cancer diagnosis (squamous cell cancer and adenocarcinoma), including postoperative and primary radiotherapy with diagnoses including pharyngeal, laryngeal, oral cavity, unknown primary, and maxillary sinus cancer. Staging ranged from T2N0M0 to T4N3M0. Each CT image was acquired using a General Electric RT CT scanner and was composed of 100-205 slices (2.5 mm thick) containing 512 × 512 pixels each. All patients were scanned headfirst supine with their head blocked by an anatomical cushion and an individual thermoplastic mask. Our study involved 100 patients: a first radiation oncologist contoured 43 patients and a second distinct radiation oncologist contoured the remaining 57 patients. For each patient, six OARs in the head and neck region were manually contoured for radiotherapy purposes. This included the brainstem, the spinal cord, the parotids (left/right), the optic chiasm, and the eyes. The eyes volume comprises the left and right sides of the orbits, lenses, and optic nerves. This grouping was deliberate. Since those structures are small, spreading only a couple of axial slices, and are generally delineated successively one side after the other, it was coherent to group them under a single label. Also, this was done to align the time scoring of the eyes with the time scoring of the other OARs [i.e., brainstem, the spinal cord, the parotids (left/right), and the optic chiasm].
Some traditional OARs (i.e., lymph nodes and mandible) used in head and neck planning were not investigated. Indeed, not all traditional OAR segmentations were available for all patients. In a large amount of cases, the lymph nodes (either left or right), the mandible, or the vocal cord was not available to us for this study. As a result, we only considered the OARs that were available for every patient, which were the brainstem, the spinal canal, the left and right parotids, the optic chiasm, and the eyes.
2.C. Atlas-based segmentation
A registration algorithm is used to create automatic segmentations of regions of interest for a new image by transforming existing segmentations of the corresponding structures in existing images. Those automatic segmentations are then combined into a single consensus using a fusion algorithm.
2.C.1. Registration algorithm
A leave-one-out experiment was used in which each patient (referred to as a target) in the dataset was automatically segmented using the remaining atlases. A registration algorithm 24 was used to deform the atlases onto the target image space. The target image space is defined as the space of the patient to segment. As a result, each target image is in a different individual space rather than in a same common space. The manual contours were then mapped onto the target using the resulting transformation from registration and fused with either the STAPLE or STEPS algorithm to yield estimated segmentations. The registration first determined an affine registration using translation, rotation, and scaling. The affine registration used a symmetric approach of the blockmatching algorithm developed by Ourselin et al. 25 A multilevel nonrigid registration step using free-form deformations with a B-spline control point parameterization 26 was subsequently applied. The locally normalized cross-correlation was used as a similarity measure. The control point spacing was 5 voxels in all directions and a bending energy penalty term was used to regularize the deformation. The time to perform affine and nonrigid atlas registration onto a patient target image is about 45 min using a regular CPU.
2.C.2. Fusion using the STAPLE and STEPS algorithms
The STAPLE and STEPS algorithms are both based on an expectation-maximization (EM) framework. The framework starts with computing an estimate of the ground truth using a simple segmentation method. Based on this initial guess, it is possible to calculate the performance of each individual label. In the expectation step (E-step), labels are combined to estimate the true segmentation depending on their performance. In the maximization step (M-step), given an estimate of the true segmentation, the performance values of each labels are reassessed and are maximized. In general, the performance is dependent on certain parameters and the M-step is used to find the parameters which maximize the performance of each label, while in the E-step, the estimate of the true segmentation is improved based on these parameters. In STAPLE, each segmentation is weighted globally depending upon their estimated performance level in the E-step, and the sensitivity and specificity of each label is calculated in the M-step. In STEPS, the sensitivity and specificity is only calculated in areas where each classifier is considered an expert by the LNCC ranking strategy. This results in a two-step performance estimation that decouples the two sources of error: one based on the LNCC image similarity metric observation characterizing the nonuniform registration accuracy and shape differences, and the other step characterizing the specificity and sensitivity of each classifier when compared with the consensus classification. Due to the local nature and smoothness of the metric, the similarity between the images is described on a smooth voxel by voxel basis, enabling a voxel by voxel ranking with reduced discontinuity effect. The raw HU units were used to compute the LNCC metric.
When a dataset of atlases is available, it is best to select the most similar atlases to the target when using STAPLE rather than using the whole dataset. 27, 28 To apply STAPLE in this study, we followed the method in Ref. 29 based on manifold learning for atlas selection as the method showed consistently good results in selecting atlases. In Ref. 29 , three dimensionality reduction techniques (Isomap, locally linear embedding, and Laplacian eigenmaps) were compared for the selection of atlases to use in multiatlas segmentation. This study also investigated the optimal number of atlases to fuse for each technique. Optimal results were obtained by choosing the best seven atlases using locally linear embedding. Therefore, for each target, the best seven atlases were selected using the locally linear embedding method. 30 In contrast, STEPS does not require an explicit atlas selection as the algorithm already integrates a local ranking scheme. In this study, the whole dataset was registered to the target. Once all registrations are done, the top seven ranked registered atlases for each local region (i.e., a patch of 5 × 5 voxels) to segment were used in the fusion process. As a result, STEPS does not require an atlas selection strategy but more registrations need to be performed than in STAPLE. Indeed, STEPS requires as many registrations as the size of the atlas dataset. The time to perform atlas fusion is about 5 min using a regular CPU. So total time to obtain an automatic segmentation (registration and fusion) is about 50 min.
2.D. Evaluation
The first objective was to compare the STAPLE against the STEPS algorithm in producing accurate segmentations. DSC and the Hausdorff distance between manual contouring and the two automatic segmentation methods were reported. The DSC is defined as D(U,V ) = 2|U ∩ V |/(|U| + |V |), where |U| (respectively, |V |) is the number of voxels in the automated (respectively, manual) region. Its value ranges from 0 to 1, where 0 means no overlap and 1 signifies a perfect match. The Hausdorff distance is defined as the maximum of the minimum distances for each point between the automated and manual regions.
2.E. Segmentation grading
The second objective was to assess whether the STAPLE and STEPS algorithms could produce segmentations as clinically relevant as manual contouring. All segmentations were imported into a treatment planning system (Varian Eclipse version 11) and graded by a trained physician. Three distinct physicians, with the same level of expertise as the two radiation oncologists, graded in a blind experiment manual and automatic segmentations using one of the following three grades:
• Grade A: the segmentation is clinically acceptable and satisfies universal OAR delineation guidelines 23 and can be used as created for radiotherapy planning.
• Grade B: the segmentation is reasonably acceptable but needs some manual editing. Some contour lines need to be corrected to meet universal guidelines.
• Grade C: the segmentation does not meet universal guidelines. Some slices show gross misdelineation that cannot be attributed to segmentation variability.
On this scale, grade A is considered higher than grade B and grade B higher than grade C. The three distinct physicians graded manual and automatic segmentations in a random order. To reduce bias from assessing the same structure multiple times, associated automatic and manual segmentations were graded at least 1 week apart. The first physician graded the 6 OARs of 100 patients. Due to time constraint, the second and third physicians could only grade the 6 OARs of 50 and 30 patients, respectively. Comparison between grades of manual and automatic segmentations by the three trained physicians is used as an indicator of clinical acceptability. Although radiation oncologists contours were graded by three distinct trained physicians, this does not imply that one expert rater was better than another. A total of 1200 automatic and 600 manual segmentations were graded (1200 = 6 OARs × 100 patients × 2 and 600 = 6 OARs × 100 patients).
2.F. Manual editing time
The third objective was to quantify manual contouring time saved by using the STEPS algorithm. When patients were originally contoured for radiotherapy treatment, contouring time was not recorded. In order to estimate this contouring time and to keep manual contouring to an acceptable level, one of the three trained physicians recontoured the OARs of five patients and the time was recorded. Those five patients were chosen to be representative of the whole dataset by an external researcher. Time reported for the eyes volume was the aggregated time to contour the component parts. For each OAR, the physician was given 15 randomly selected STEPS segmentations graded B and edited them to grade A. Editing time was recorded. A brush to push in/out the contour lines, freehand, and eraser tools were used for contouring and editing.
RESULTS
3.A. STAPLE vs STEPS
The DSC and Hausdorff distance are reported in Fig. 1 . Significant improvements can be seen when using the STEPS algorithm on large structures such as the brainstem, spinal canal, and left/right parotid compared to the STAPLE algorithm. Using a Wilcoxon rank-sum test, STEPS segmentations yielded significantly higher DSC than STAPLE segmentations (all p < 0.001) for those structures. For smaller structures, such as optic chiasm and the eyes, the difference is not significantly different (p > 0.300 and p > 0.170). The DSC for those structures is significantly lower compared to larger ones. This can be explained by their size, where even small voxel misclassification in the automatic segmentation will result in large DSC discrepancy. Figure 2 shows some examples of manual, STEPS, and STAPLE segmentations of the brainstem, the spinal canal, and the parotids (left/right). The optic chiasm and eyes are not shown as they are small structures and hard to depict in a single view. The clinical acceptability of our method could not have been reliably determined with the DSC, and verification by means of separate trained physicians was required.
3.B. Grading
Results of grading by the three trained physicians are shown in Fig. 3 . A surprising number of manual contours for the F. 1. Dice similarity coefficient (top) and Hausdorff distance (bottom) of the STEPS (left) and STAPLE (right) algorithms against manual contouring. eyes and optic chiasm were graded B and C, corresponding to high inter-rater variability. This is consistent across the three trained physicians. This may be due to the poor contrast of those areas in CT images. Manual and STEPS segmentations of the parotids (left/right) and the optic chiasm were given similar grades by two trained physicians. The third physician, except for the left parotid, drew a similar conclusion. When similar grades were given, a Wilcoxon signed-rank test did not show any significant difference for those OARs (all p > 0.100). For the brainstem and the spinal canal, STEPS segmentations were overall graded similarly as well. In some cases, STEPS segmentations of those OARs were graded higher than manual segmentation and those differences were statistically significant (p < 0.010). In contrast, with STEPS segmentations the eyes were graded significantly lower (p < 0.005).
Overall, STAPLE segmentations were graded significantly lower than both manual and STEPS segmentations (all p < 0.01), except for the optic chiasm and the eyes (p > 0.273 and p > 0.382). Figure 4 shows the grade distribution of STEPS, which gave the best results out of the two automatic methods, and manual segmentations. Only distribution from the trained physician who graded all 100 patients is shown. We note that a substantial number of STEPS segmentations of the spinal canal (27 cases) and the eyes (30 cases) were graded lower than their associated manual contours and offer some explanation. The well-defined boundaries of the spinal canal make it one of the easier OARs to segment for an expert rater, but atlas-based methods were seen to suffer from two key problems there. High neck flexion confounded registration in ten cases, and discrepancies in the length of the lower part segmented in the atlas set (vertebrae below C1) caused failure in 17 more. No atlas-based method can overcome such discrepancies, and they F. 4. Grade distribution of automatic and associated manual segmentations. STEPS > Man.: STEPS segmentation has a higher grade than its associated manual contour. STEPS = Man.: STEPS and manual segmentations have the same grade. STEPS < Man.: STEPS segmentation has a lower grade than its associated manual contour. must be fixed by standards in the templates used. For the eyes, since the structures involved are small, a slight deviation in the automatic segmentation will inevitably result in some manual editing being required.
Across all OARs, STEPS was observed to outperform STA-PLE and produce segmentations graded as well as or better than manual contours with a rate of 83%. A one sided confidence interval based on the t-statistic places the true rate above 80% with 95% confidence.
3.C. Dice similarity coefficient and clinical acceptability
To examine the relationship between acquired grades and DSC, we calculated the DSC between clinically acceptable (grade A) manual contours only and the STEPS segmentations graded A-C. As the results across the 3 trained physicians are similar, only the segmentations from the physician who graded all 100 patients are examined. Results are presented in Fig. 5 . Using a Wilcoxon rank-sum test, STEPS segmentations graded A did not yield significantly higher DSC than STEPS segmentations graded B. The median DSC was also seen to vary significantly between OARs, for instance, the median DSC of the left/right parotids was significantly different from all other regions (all p < 0.020). Therefore, it may not be meaningful to compare segmentation quality between different regions using this measure. For all OARs, DSC of STEPS segmentations graded C was significantly lower (all p < 0.005) compared to segmentations graded A and B. Since STEPS segmentations graded A and B yielded similar DSC, the clinical acceptability of our method could not have been reliably determined with DSC, and verification by means of a separate trained physician was required. Figure 6 shows the time taken to obtain a grade A result using the STEPS algorithm with manual editing, without it, and using fully manual contouring. Using the Wilcoxon rank-sum test, these results demonstrate that STEPS yielded significant time saving, even when automatic segmentation needed editing. Time saved is relatively lower for the eyes; these being a grouping of six different structures, the trained physician spent a significant amount of time switching between editing tools, which added to the effective editing time. Time gained and pvalues are reported in Table I . Time gained is calculated using the following ratio: (grading time + editing time)/(manual contouring time) if the automatic segmentation needed editing and (grading time)/(manual contouring time) if the automatic segmentation did not need editing.
3.D. Time scoring
DISCUSSION
In this study, the STAPLE and STEPS algorithms used multiple manual contours to generate the most likely segmentation F. 6. Time in seconds to obtain a grade A segmentation using STEPS algorithm without (left) or with (middle) manual editing and with fully manual contouring (right). The better results generated by STEPS over STAPLE are in line with findings in the literature. In Ref. 18 , the robustness and accuracy of STEPS were evaluated on a database of crosssectional and longitudinal brain MRI scans. In that study, STEPS performed better than STAPLE. STEPS has also been successfully used in other papers 19, 20 to segment MR images. However, only our studies and the one from Ref. 18 directly compared the performance of STEPS and STAPLE and further investigation will need to be done across various ranges of image modalities to check if this statement holds.
A standard evaluation approach in radiotherapy has been to directly compare manual and automatic segmentations using the DSC. However, this study demonstrated that the DSC does not reliably reflect clinical acceptability of an automatic segmentation. Although a high DSC should guarantee clinical acceptability, a lower DSC does not necessarily mean that an automatic segmentation is not clinically useful. It may then be counterproductive to use a particular minimum DSC as a threshold for clinical acceptance of an automatic method, even if this is calibrated for a particular OAR.
Atlas-based segmentation is highly dependent on the similarity between the underlying atlas and the patient. 33 In our study, the failure in delineating the spinal canal in some cases could be due to multiple factors: (a) bad performance of the registration algorithm around that area, (b) lack of images in the atlas dataset with the same overall spinal morphology, (c) labeling discrepancies in the manual segmentation of the spinal canal [i.e., discrepancies in the length of the lower part segmented in the atlas set (vertebrae below C1)], and (d) patient head and neck position in the scanner when images are acquired. Different segmentation strategies based on either a single-patient atlas, a population-based average atlas, or multiple atlases have intrinsic limitations due to large deformations of normal anatomy that cannot be corrected with registration algorithms. Importantly, when thinking about applying automated segmentation, clinical concern arises due to abnormal anatomy in patients developing head and neck cancer. Our dataset included a variety of cases including some with bulky tumors, and results with our method were still comparable to manual contouring for the brainstem, spinal canal, left/right parotid, and optic chiasm across the cohort. In any case, automatic segmentations should always be checked and corrected if necessary by an expert before planning.
Starting contouring from an existing template (either automatic or manual) may have influenced the trained physicians' perception of gold standard. In general, relatively minor editing to the segmentations was performed and the lack of modifications may be attributed to the fact that the segmentations closely resembled physicians' definition of gold standard. However, this scenario represents the common clinical situation of verifying contours from less experienced clinicians, where relatively minor modifications are usually made overall.
Finally, there are some limitations to this study. Limitations include the small number of OARs edited and manually contoured to measure time cost and the lack of assessment of intrarater variability. However, these limitations should not affect the conclusion drawn as the significant p-values are all below 0.01 despite a wide confidence interval. In addition, this study did not include TVs. Multimodality imaging is often used to improve the visibility of TVs by coregistering CT with MR or PET images. Unfortunately, we did not have access to any imaging modalities other than CT. We note that atlasbased methods perform well when the shape of the target is well represented in the dataset of atlases, which is rarely the case in radiotherapy as tumors have no predefined shape.
CONCLUSIONS
The STEPS algorithm shows better performance than the STAPLE algorithm in segmenting OARs for radiotherapy of the head and neck. It is clinically useful and can considerably save time for clinicians in contouring OARs for radiotherapy planning. Even though automatically generated segmentations should always be checked and approved by an expert before radiotherapy planning, the STEPS segmentation method was found to be comparable to manual contouring for the brainstem, spinal canal, and left/right parotid.
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